Abstract Option prices vary with not only the underlying asset price, but also volatilities and higher moments. In this paper, we use a portfolio of options to seclude the value change of the portfolio from the impact of volatility and higher moments. We apply this portfolio approach to the price discovery analysis in the U.S. stock and stock options markets. We find that the price discovery on the directional movement of the stock price mainly occurs in the stock market, more so now than before as an increasing proportion of options market makers adopt automated quoting algorithms. Nevertheless, the options market becomes more informative during periods of significant options trading activities. The informativeness of the options quotes increases further when the options trading activity generates net sell or buy pressure on the underlying stock price, even more so when the pressure is consistent with deviations between the stock and the options market quotes.
In an efficient market, information should impact different markets simultaneously; yet, due to market frictions, different markets may assimilate the same information at different speeds. Price discoveries among different markets have attracted great attentions from both academics and practitioners. Academics test the evidence against market efficiency and various microstructure theories. Practitioners strive to identify profitable trading opportunities and the direction of the information flow.
One of the intriguing areas for price discovery research is the information flow between the market of a primary asset and the markets on its derivatives, such as options. Black (1975) suggested that the higher leverage available in the options markets could induce informed traders to transact options rather than stocks. Easley, O'Hara, and Srinivas (1998) argue that informed traders prefer the options market because they can hide themselves better among uninformed traders due to the availability of multiple options contracts underlied by each single stock. Both arguments imply that price discovery should occur in the options market.
However, the empirical evidence is far from conclusive. Early studies, e.g., Manaster and Rendleman Jr. (1982) and Bhattacharya (1987) find that options market leads the underlying asset market in revealing information, but more recent studies, e.g., Stephan and Whaley (1990) , Chan, Chung, and Johnson (1993) , Easley, O'Hara, and Srinivas (1998) , Jarnecic (1999) , Chan, Chung, and Fong (2002) and Chakravarty, Gulen, and Mayhew (2004) , have essentially reversed the conclusion.
Underlying the conflicting evidence is the inherent difficulty in assessing the price discovery between the stock and the stock options markets. Unlike quotes of the same asset at different exchanges or comparisons between the spot and the futures markets, the terminal payoff function of an option contract is nonlinear in the underlying stock price. This nonlinear payoff structure dictates that the value change in the option depends on not only the change in the underlying stock price level, but also changes in the variance and higher moments of the underlying stock return.
Variance and higher moments are not directly observable. Therefore, it is difficult to control and separate their impacts when performing price discovery analysis on the directional movement of the underlying stock price. Most studies use some lagged version of implied or historic volatility as an input and use some variants of the Black and Scholes (1973) model to infer the stock price from the option price. In doing so, these studies assume that this volatility input does not change during the next time interval. Given the predominant evidence on stochastic volatility and on the strong correlation between return and volatility, 1 the results from these studies are likely biased by the variations in return volatility and higher moments.
In this paper, we propose a simple procedure to effectively separate the impact of the directional movement of the underlying stock price from the impacts of stochastic volatility and higher moments. Instead of using a single option contract, we form a portfolio with a pair of call and put options at the same strike price and maturity. The 1 The list of empirical studies on stochastic volatility and its correlation with the stock return is long. The most prominent studies based on time series return data include Black (1976) , Andersen, Benzoni, and Lund (2002) , Ding, Engle, and Granger (1993) , Ding and Granger (1996) and Eraker, Johannes, and Polson (2003) . Evidence from the options market includes Bakshi, Cao, and Chen (1997) , Bates (1997 Bates ( , 2000 , Britten-Jones and Neuberger (2000) , Carr and Wu (2003) , Eraker (2004) , Huang and Wu (2004) , Jones (2003) , and Pan (2002). portfolio synthesizes a forward contract on the underlying stock. The terminal payoff to this portfolio is linear in the underlying asset price, even though the payoff to each individual option contract is nonlinear. As a result, the value change of the portfolio depends only on the change in the underlying stock price level, but not on the volatility or any other higher moments of the stock return. Therefore, price discovery analysis between the stock market quotes and the synthetic quotes from this portfolio of options are absent from the biases in earlier studies.
We apply this procedure to the U.S. stock and stock options markets and analyze the information flow between the two markets. We choose 40 stocks that underly the most active option trading activity during our sample period between May and July of 2002. The list of stocks includes 18 from NYSE and 22 from NASDAQ. We compare the quotes from these 40 stocks and the synthetic quotes from the portfolio of the most active options underlying these stocks. Based on the cointegrating relation between the quotes from the two markets, we estimate a vector error-correction model (VECM) and compute the Hasbrouck (1995) information share contributable to the options market. We also compute the loading of the options market on the common factor following the procedure in Gonzalo and Granger (1995) .
We find that the information share and common loading estimates are statistically significant on both markets for the 40 stocks, but that the price discovery about the future stock price movement occurs more in the stock market than in the options market, more so for NASDAQ stocks than for NYSE stocks.
One possible explanation for the low information content in the options market is that transaction costs on options are much higher than that on stocks. As long as transaction costs overweigh the benefits of trading with leverage (Black, 1975) and hiding among multiple contracts (Easley, O'Hara, and Srinivas, 1998) , the stock market remains the more efficient market for betting on the directional movements in the stock price. Nevertheless, the benefits will increase and can overweigh the transaction cost for investors with private information that points to large price movements. Thus, we hypothesize that the informativeness of options quotes increases in the presence of large stock price movements. To test this hypothesis, we specify a conditional VECM model and define the conditioning variable based on the relative magnitude of price movement. Consistent with our hypothesis, the parameter estimates on the conditional VECM show that the options market becomes significantly more informative when the underlying stock price experiences large moves.
During the past decade, the options market has experienced tremendous growth and consolidation (Battalio, Hatch, and Jennings, 2004; Mayhew, 2002; Simaan and Wu, 2002) . Competition is stronger than ever. Options trading volume in 2006 more than doubles that in three years ago. Although the stock market has also been transforming itself, the growth in the options market is definitely more explosive during the past few years than that in the stock market. Therefore, if transaction cost is the main culprit for the low information content in the options market, we would expect the information content to increase over time as the options market becomes more efficient. However, when we repeat the analysis using a more recent sample in March 2006, the information share estimates on the options market become even lower, indicating that the changing market conditions have made the options market even less informative about the directional movement of the underlying stock price. Our information share estimates on the options market are also lower than those reported in Chakravarty, Gulen, and Mayhew (2004) , who use an earlier sample between 1988 to 1992. Thus, transaction cost does not represent the full story.
One possible explanation for the declining information content in the options market is related to the recent microstructural transformation in options market making. Despite the rapid and continuing growth in the options market, the options trading activities are much thinner than that in the underlying stock. Yet, whenever the stock price moves in the stock market, the options market makers are forced to update all the quotes on the hundreds of options on the stock, even if there are no options trading activity. This phenomenon leads to dramatically higher quote-to-trade ratios in the options market than in the underlying stock market. To alleviate the uneven quoting burden relative to the sparse trading activity, increasingly many options market making firms have developed automated quote updating algorithms that allow them to update the options quotes automatically whenever the stock price moves in the stock market. In the absence of options order flows, these automated updating algorithms imply that the information flow becomes almost purely one directional from the stock market to the options market. Only when there are significant options transactions do the options quotes adjust accordingly and spill the order flow information over to the stock market. To test this conjecture, we also design a series of conditioning variables related to the trading activities and estimate conditional VECM models with these conditioning variables. The estimation results show that options quotes become much more informative during periods of significant options trading activities. The informativeness of options quotes increases further when the options trading activity generates net sell or buy pressure on the underlying stock price, even more so when the pressure is also consistent with deviations between the stock and the options market quotes.
In related literature, Easley, O'Hara, and Srinivas (1998) aggregate the buy trades on put options with the sell trades on call options, regarding the two types of trades as having the same directional impact on the underlying price movement. This aggregation can be regarded as a trading-volume analogue to our portfolio approach. Also related to our study, Chakravarty, Gulen, and Mayhew (2004) adopt the same Hasbrouck (1995) 's information share measure in analyzing the price discovery between the stock and stock options market. However, they use only quotes from call options and infer the stock price based on a binomial tree model, assuming constant volatility. They use a lagged implied volatility (over 30 minutes) as the volatility input to infer the stock price. Thus, the inferred stock price lumps the variation in the underlying stock price and the variation in the volatility over the past 30 minutes. By forming a portfolio of options, we effectively separate the two types of variations. Furthermore, they base their analysis on option quotes from one exchange, the Chicago Board of Options Exchange (CBOE), from 1988 to 1992. We base our analysis on the national best bid offer (NBBO) on multiple-exchange listed options in 2002 and 2006. The different sample periods allow us to analyze how the information flow has changed over time with varying market conditions.
Most recently, Pan and Poteshman (2006) obtain a unique data set that decomposes the daily trading volume on each option into 16 categories defined by four trade types and four investor classes. They construct put-call ratios from option volume initiated by buyers to open new positions, and find that stocks with low put-call ratios outperform stocks with high put-call ratios by more than 40 basis points on the next day. Their finding is consistent with our conditional VECM results on options trading activities.
Furthermore, their result also shows that the options trading activity can become even more informative when one can distinguish the trading types.
The remainder of this paper is organized as follows. Section 1 describes the data source, the summary statistics of the selected sample, and the econometrics underlying the results of this paper. Section 2 discusses the results. Section 3 discuss the findings based on a more recent sample in 2006. Section 4 concludes.
Sample selection and econometric specification
Our data sources are the electronic message feeds from S&P ComStock XpressFeed. The message feeds contain real-time updates on quotes and transactions of U.S. stocks and stock options. The feeds include quote price, quote size, transaction price, and transaction size at each exchange.
The options data provider is the Options Price Reporting Authority (OPRA). In 1981, the Securities and Exchange Commission approved the OPRA plan as a national market system plan, pursuant to Sections 11A(a)(2) and 11A(a)(3)(B) of the Act. The OPRA plan governs the process by which options market data are collected, consolidated, and disseminated.
As of 2002, during which we draw our first sample, stock options trade on five options exchanges in the United States: The American Stock Exchange (AMEX), the Chicago Board of Options Exchange (CBOE), the International Securities Exchange (ISE), the Pacific Stock Exchange (PCX), 2 and the Philadelphia Stock Exchange (PHLX). On February 6, 2004, yet another options exchange, Boston Options Exchange (BOX), joined the competition in stock options trading. OPRA receives the information on each transaction and each quote update from these exchanges as a coded "message." Trade and quote data generate continuously during the hours that markets are open for each options product listed on each options exchange. Beginning April 1st, 2002, in addition to the local quotes from each exchange, OPRA also reports a national best bid offer (NBBO) for each quote.
Sample selection
To build our sample, we first extract all the option trades in May, 2000 from the OPRA message. Then we rank the options contracts in terms of trading activity as measured by the number of trades. On the list, we only retain options contracts that are traded on all five options exchanges. We then search through the list to identify the top 40 stocks that underly the most active options contracts. Table 1 provides a full list of the 40 stocks. It includes 18 NYSE stocks, 21 NASDAQ stocks, and QQQ, the NASDAQ 100 Trust fund. Although QQQ is listed at the NYSE, we classify it as a NASDAQ stock when we report averages across stocks at different exchanges.
We extract stocks and stock options from the message feeds based on the list of 40 stocks over 52 business days from May 6th, 2002 to July 19th, 2002 . Table 2 presents the summary statistics on the option trading activities underlying these 40 stocks over the 52 business days. For each stock, we report the total number of option transactions, the aggregate trading volume, the standard deviation, minimum, and maximum of the trading volume for transactions on both calls (left) and puts (right). QQQ towers all stocks in underlying the most actively traded options. TYC underlies the most actively traded options on single name stocks during our sample period. The most active single name stock on NASDAQ in terms of options trading during our sample period is MSFT. For each stock and at each day, we first extract the NBBO on the underlying stock. We then identify the most active option contract on this stock in terms of number of trades. We also identify the call-put counterpart of this most active option contract. We record the NBBO updates on the stock and the identified options contracts, and expand the NBBO updates into a second-by-second quote book. For multiple quotes that are recorded on the same second, we take the last of these updates at that second.
We analyze the interactions between the stock and options markets based on the midquotes of the national best bid and offer from the two markets. In computing the midquotes, we explicitly account for the potential differences in the bid and ask sizes. Let AP, AS, BP, BS denote the ask price, ask size, bid price, bid size, respectively, we compute the midquote as,
where weighting is such that the midquote MP tilts toward the quote with a smaller quote size. Although more trading activity often conveys more information, a quote with a smaller quote size is closer to the mid-quote than quotes with larger quote sizes. A market maker can afford to be more aggressive in her bid-ask quotes when she only honors a small quantity and hence subjects herself to lesser risk.
Inferring the stock price from a portfolio of options
In analyzing the dynamic interactions between the stock market quotes and the quotes from the options market, an important concern is that the price of options depends not only on the underlying stock price level, but also on the stock return volatility and higher moments. This multi-dimensional dependence is a direct result of the nonlinear payoff structure of an option. For example, when the stock return volatility increases, the values of both call and put options increase, even if the underlying stock price remains unchanged. Therefore, the issue of how to identify and control variables other than the underlying stock price has plagued previous studies on price discovery between stocks and stock options. Here, we propose a portfolio approach that exploits put-call parity to separate the impact of the underlying stock price level from the impacts of the stock return volatility and higher moments. Instead of directly using the quotes on a single option, we form a portfolio with a call option and a put option at the same strike and maturity. The terminal payoff to this portfolio is linear in the underlying stock price level, although the payoff to each individual option component is nonlinear. Specifically, we exploit the put-call parity relation between the put (P) and call (C) options at the same strike price (K ) and maturity (τ ),
where d t and r t denote the dividend yield and interest rate at time t, respectively. This equality holds exactly for European options. For the American options that we are dealing with, we use this relation as an approximation in forming a portfolio of options by longing one call and shorting one put option at the same strike price and maturity level. The linear payoff structure of the portfolio dictates that stock volatility or higher moment no longer exert significant influence on the portfolio value. We acknowledge that variations in the value of the portfolio can also be induced by movements in the early exercise premium of the American options, the dividend yield, and the interest rate. Nevertheless, given the small intraday variation of these components as compared to the variation of the stock price, we can effectively regard them as constants at each date in identifying the variation in the stock price.
Therefore, at each date and for each stock in our sample, we first identify the most active option in terms of number of trades, as well as its put-call counterpart at the same strike and maturity. Then, we define the following quantity based on the midquote of the NBBO,
which we can regard as the midquote of the portfolio.
Since we perform the price discovery analysis on different days in one integrated analysis, we need to stack the daily data together. However, the chosen option pairs can be different at different days depending on the option trading activities. Thus, the relative magnitude of the portfolio value C P t at different dates can differ by approximately a constant. To circumvent this problem, we run the following regression at each date between the stock midquotes and the option portfolio value,
We regard the fitted value O t ≡ a + bCP t as the synthetic stock price from the options quotes. Then, we perform the price discovery analysis between the pair of stock prices from the two markets, (S t , O t ).
Unit root and cointegration
Stock prices are often assumed to have a random walk component. Since S t and O t underly the value of the same stock, albeit from different markets, we expect them to be cointegrated. As a preliminary analysis, we first check the order of integration for the two price series S t and O t , as well as their first differences. We use the augmented Dickey and Fuller (1979) test with 20 lags. Table 3 reports the p-values of the augmented Dickey-Fuller test on the levels and first differences with the null hypothesis that the series contains a unit root. Thus, a p-value that is close to zero implies that the null hypothesis of unit root is rejected. We perform all the tests on the logarithms of the price quote. The tests on the first differences of all series generate p-values less than 0.005, strongly rejecting the null hypothesis of a unit root in the differences and implying that the order of integration in the price level is at most one. However, for most of the stocks, the test cannot reject the null hypothesis that there is a unit root in the logarithm of the price level. A few exceptions occur for this test. For the midquotes from the stock market during our sample period, the null hypothesis of a unit root in the price level is rejected for TYC, WMT, MSFT, and DEL at 5% critical value. As a preliminary test for cointegration, we run the simple regression,
and apply the unit root test on the regression residual R t . In the regression, s t and o t denote the logarithms of the corresponding quotes S t and O t , respectively. We report the test results in Table 3 under the column title "R t ." The null hypothesis of a unit root in either the residual level or the residual difference is strongly rejected for all stocks, confirming our conjecture that the quotes from the stock market and the quotes from the option portfolio are cointegrated. The columns in Table 3 under the title "Regression Coefficients" report the intercept and slope estimates of the above regression, with the p-values of the estimates reported in the parentheses. The intercept is indistinguishable from zero in most cases, and the slope estimates are all at one. This uniform estimates are a result of our rescaling of the option implied stock price. Therefore, under this rescaling, we have a cointegrating relation of [1, −1] for the two sources of stock prices. Johansen (1988 Johansen ( , 1991 proposes a formal test of cointegration based on a vector error correction model (VECM). If we use y t ≡ [s t , o t ] to denote the log price vector, we can write the VECM as,
where A j , j = 0, 1, . . . , k, are (n × n) coefficient matrices, with n = 2 in our application. The term μ is a constant (n × 1) vector, and ε t denotes the vector regression residual. Johansen (1988 Johansen ( , 1991 shows that the rank of the coefficient matrix A 0 represents the number of cointegration relationships present among the variables y t . Furthermore, suppose that A 0 has a reduced rank of r < n, we can perform the decomposition A 0 = αβ , where α and β are both (n × r ) matrices. The β matrix consists of the cointegration vectors, and α is the error correction (or equilibrium adjustment) matrix. Johansen (1988 Johansen ( , 1991 proposes a maximum likelihood test on the rank, based on the following procedure.
v u , where xy denotes the covariance matrix of x and y. The subscript u and v denote the regression residuals based on levels and first differences, respectively. Let λ 1 > λ 2 > · · · > λ n denote the eigenvalues of S and let M = (m 1 , m 2 , . . . , m n ) denote the matrix formed by the corresponding eigenvectors, with the normalization such that M u u M = I . Then, Johansen's maximum eigenvalue test of the null hypothesis that there are r cointegration relations against r + 1 is,
As λ r +1 approaches zero, λ max approaches zero as well.
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We perform the test on the 40 stocks in our sample. In running the vector regressions, we include lagged values up to 60 seconds, but experiments with other lag lengths and specifications (such as the moving average and polynomial-distributed lags proposed in Hasbrouck (2003) ) generate the same qualitative results. The last two columns of Table 3 report the estimates of λ max for r = 0 and r = 1, respectively. The results on all 40 stocks unanimously state that the two series s t and o t are cointegrated. The estimates of λ max under the null hypothesis of no cointegration (r = 0) range between 902.04 and 222461.36 for the 40 stocks, with a sample average at 8129.13. Based on the critical values reported in Osterward-Lenum (1992) (25.75 at 1% level), the null hypothesis of no cointegration is strongly rejected for all stocks. In contrast, the estimates of λ max under the null hypothesis of one cointegration (r = 1) range between 0.00 and 6.88, with a sample average of 1.75. Since the critical value at 1% level is 19.19, the null hypothesis of one cointegration cannot be rejected. In short, different tests concur that the stock quotes and the quotes of the options portfolio are cointegrated.
The vector error correction model
Given the strong evidence on cointegration and the cointegrating relation of [1, −1] as a result of our rescaling, we can rewrite the vector error correction model (VECM) as,
where the coefficient matrices A i are (2 × 2) square matrices, γ is a 2 × 1 vector, and u t denotes the innovation vector. The term (s t−1 − o t−1 ) is formed based on the [1, −1] cointegrating relation and represents an error correction term due to the cointegration. The coefficients A i capture how previous price changes (log returns) impact the future price changes. The coefficient γ further "corrects" the forecasts based on how much the quotes from the two markets are deviating from their long-run cointegrating relation. In estimating the VECM model, we include lagged second-bysecond returns up to 60 seconds. The results are qualitatively the same with different lag specifications.
Based on the VECM model in Eq. (6), Hasbrouck (1995) proposes an information share (IS) that measures the relative contribution in price discovery from the two markets. Hasbrouck assumes that the "efficient price" of the stock follows a random walk and represents the permanent component. Then, the information share decomposes the variance of this efficient price changes into components attributable to the two markets. To compute the information share, we first write out the moving average representation of the VECM model,
We can calculate the moving average coefficients B by "forecasting" the system subsequent to a unit perturbation. The response to the permanent component is obtained by taking the limit,
The two rows of B are identical. Let b be either row of B, and let denote the covariance matrix of innovation vector u, the variance of the common random walk component of the quotes is,
If is diagonal, the information share of the i-th market is defined as,
When is not diagonal, the information share is not uniquely defined. Instead, we can obtain the lower and upper bounds by considering the Cholesky factorization of all the rotations of the disturbances.
As an alternative price discovery measure, Harris, McInish, and Wood (2002b) follows Gonzalo and Granger (1995) in identifying a permanent component with two properties: (1) This permanent component is a linear combination of the contemporaneous quotes from the two markets, and (2) the permanent component is not Granger-caused in the long run by the stationary linear combinations of the quotes. Given the estimates for the error correction coefficients γ ≡ [γ 1 , γ 2 ] , the normalized loading (w = [w 1 , w 2 ] ) of this common factor on the quotes from the two markets is given by,
The common factor identified from this approach is,
The Journal of Financial Markets devotes most of its July 2002 issue to the interpretation and comparison of the two measures.
3 In essence, the common factor loading defined in Eq. (10) measures the long-run impact of the current price innovations on future prices, whereas the Hasbrouck information share measures the relative contribution of each price series to a random walk component. An integrated analysis of the 3 The major review and comparison studies in that issue include de Jong (2002) , Harris, McInish, and Wood (2002a) , Hasbrouck (2002) and Lehmann (2002) . Other examples of microstructure applications of the Hasbrouck information share include Hasbrouck (2003) and Chakravarty, Gulen, and Mayhew (2004) . Examples of the common factor loading approach in the market microstructure literature include Baillie, Booth, Tse, and Zabotina (2002) , Booth, So, and Tse (1999) , Chu et al. (1999) and Harris, McInish, and Wood (2002b) . information share, the common factor loading, and the variance covariance structure of the price innovations is useful to gain a full picture of the price discovery between the two markets.
Price discovery in the options market
Based on the estimated VECM model on each stock, this section analyzes the results on the information flow between the stock market and the options market.
2.1 Common factor loadings and the information share Table 4 repots the estimates on the loading of the options market on the common factor (w 2 ) and the lower and upper bounds of the information share attributable to the options market (IS 2 ). The information share attributable to the options market is low for most stocks. The average of the information share for the 18 NYSE stocks is 12.7% and 14% for the lower and upper bounds, respectively. The average lower and upper bounds for the 22 NASDAQ stocks are 3.1% and 15.3%, respectively. Entries report the common factor loading (w 2 ) and information share (IS 2 ) estimates attributable to the options market for the 40 stocks. Under the information share, the left column reports the lower bound and the right column reports the upper bound. These estimates are computed based on the vector error correction model (VECM) in (6) with second by second lags up to 60 seconds. Entries report the covariance matrix of the VECM innovation vector for each stock. 11 and 22 denote the two diagonal elements of the covariance matrix (both scaled up by 10 4 ) and ρ 12 denotes the correlation of the two elements of the innovation vector. The estimates are computed based on the vector error correction model (VECM) in (6) with second by second lags up to 60 seconds.
On average, the common factor loading estimate on the options market is larger than the corresponding Hasbrouck information share estimates. This "upward bias" can be attributed to the different variance magnitudes from the price innovations of the two markets. Table 5 reports the covariance matrix ( ) of the price innovation u t . On average, the variance of the stock market price innovation is larger than the variance of the option market price innovation. Lehmann (2002) notes that one way to link the common factor loading w to the information share is IS = w √ , where √ denotes the variance decomposition, = √ √ . Since this variance decomposition is not unique when is not diagonal, the indeterminacy of the information share remains. Nevertheless, this relation shows that the larger magnitude of 11 than 22 explains why the information share attributable to the options market is smaller than the common factor loading to this market.
Our information share estimates based on the current market conditions differ from the estimates by Chakravarty, Gulen, and Mayhew (2004) based on an earlier sample period from 1988 to 1992. Considering the dramatic improvement in the options market condition during the past decade, we would have expected that our information share estimates be higher than their estimates, but the opposite is observed. For the list of stocks that are considered in both papers, including BA, C, GE, HAL, JNJ, WMT, XON, and MOB, 4 the option market information share estimates in Chakravarty, Gulen, and Mayhew (2004) are uniformly higher than our estimates. We conjecture that the differences can partly be attributed to the different approaches that the two papers use to extract the stock price from the options market. In our paper, we form a portfolio with a pair of put and call options to linearize the payoff function and hence to exclude the impact of volatility and higher moments. In contrast, Chakravarty, Gulen, and Mayhew (2004) use only call options and use a binomial tree approach, with lagged implied volatility as inputs, to infer the current stock price. Beside the methodology differences, the different estimates may also be related to the microstructural transformations in the options market making procedures. We analyze this conjecture in more detail in the next section.
Parameter estimates of the VECM
To gain further understanding on the dynamic interactions between quotes from the two markets, we analyze the parameter estimates of the VECM model. Table 6 reports the averages of the parameter estimates and the t-values on the error correction coefficients γ ≡ [γ 1 , γ 2 ] . The average estimate for γ 1 is negative and that for γ 2 is positive. When the quote from the stock market is high relative to the synthetic quote from the options market, the different signs of the estimates for the two parameters dictate that the stock market quote will adjust downward and the option market quote will adjust upward. Both corrective adjustments move the two sources of quote closer to their long-run equilibrium relation. The average t-values for the two parameters are both large, indicating that both estimates are statistically significant. Quotes from both markets are informative, albeit to different degrees, about the underlying stock price. Table 6 also reports the parameter averages across the 18 NYSE stocks and across the 22 NASDAQ stocks. The average γ 2 estimates are similar for both NYSE and NASDAQ stocks, but the average γ 1 estimates are much smaller for NASDAQ stocks than for NYSE stocks. This relative difference implies that the options market offers smaller error correcting power on the NASDAQ market quotes than on the NYSE market quotes. This difference matches the difference in the information share estimates, especially on the lower bounds of the information share. For the 18 NYSE stocks, the average lower bound of the information share attributable to the options market is 12.7%, but the average among the 22 NASDAQ stocks is only 3.1%. The autoregressive coefficients A i , i = 1, . . . , 60 capture the impact of the lagged returns on the forecast of future returns. Figure 1 plots the sample averages of the estimates (left panel) and t-values (right panel) of the four elements of the A matrix as a function of the lags (in seconds). The top panels are averages across NYSE stocks. The bottom panels are averages across NASDAQ stocks.
The solid lines denote the A(1, 1) component, which captures the autoregressive feature of the stock market quote. The average estimates for A(1, 1) on NYSE stocks are mostly negative, with the absolute magnitude declining with increasing lags. The line exhibits a strong zigzagged shape, potentially representing noises induced by bid-ask bounces. The t-value plot shows that these autoregressive coefficients are statistically significant up to 30-second lags.
The average estimates for NASDAQ stocks are much smoother (bottom panels), representing a higher efficiency for the NASDAQ market quotes. The estimates start as negative for one second lag, but become positive at longer lags, and then decay to zero as the lag increases. The decay of the autoregressive coefficients for NASDAQ stocks is faster than for NYSE stocks. The average coefficients for NASDAQ stocks become close to zero for lags over ten seconds.
The A(2, 2) component captures the autoregressive feature of the options market quote. The dotted lines in Fig. 1 denote the estimates and t-values for this element at different lags. For both NYSE and NASDAQ stocks, the average coefficient estimates are negative at all lags. The magnitudes are much smaller than that for A(1, 1), but decay slowly with increasing lags. The coefficients become statistically insignificant when the lags are over 30 seconds.
The cross-impacts are captured by the off-diagonal terms of the coefficient matrix A. The element A(1, 2) , shown in Fig. 1 in dashed lines , captures the impact of lagged option market quotes on the stock market quotes. For NYSE stocks, the estimates are all positive and decay slowly with increasing lags. The average t-value is 4.05 at the first lag, and remains above two for lags of up to ten seconds. For NASDAQ stocks, the average estimate for this coefficient is positive for the first lag, but become negative for lags between two and six seconds, after which the coefficients become insignificantly different from zero. Compared to other elements of the A matrix, the estimates for this cross-impact element have small t-values, implying that the information content of the lagged option market returns is limited in forecasting stock returns from the stock market.
The impact of the lagged stock market returns on the option market returns is captured by the estimates for the element A(2, 1) and is represented by the dashdotted lines. For both NYSE and NASDAQ stocks, the t-values of the estimates for A(2, 1) are larger at short lags and remain over two across all 60 lags. Thus, the impact of the stock market on the option market is not only larger, but also more persistent.
The information share estimates, the common factor loading, and the VECM model parameter estimates show that the price discovery about the future stock price movement occurs more in the stock market than in the options market, more so for NASDAQ stocks than for NYSE stocks. Nevertheless, the information content in the options market is statistically significant for all 40 stocks during our sample period.
Conditional VECM based on stock price moves
One possible explanation for the low information content in the options market is that transaction costs on options are much higher than transaction costs on stocks. When transaction costs overweigh the benefits of trading with leverage (Black, 1975) and hiding among multiple contracts (Easley, O'Hara, and Srinivas, 1998) , the stock market remains the more efficient market for betting on the directional movements in the stock price.
Nevertheless, the benefits will increase and can overweigh the transaction cost for investors with private information that points to large price movements. Thus, we hypothesize that the informativeness of options quotes increases in the presence of large stock price movements. To test this hypothesis, we propose a conditional vector error correction model, with the conditional criterion based on the magnitude of the stock price moves. For each stock, based on the quotes from the stock market, we define log returns over 30-second intervals and compute the tenth and 90th percentiles of these log returns over the 52 business days. To correct for the intraday pattern of return volatilities, the percentiles are computed within each half-hour interval from 9:30am to 16:00. We estimate the following conditional VECM model, 
where y t i ,t j denotes the log return vector from the two markets between time t i and t j , M is a conditional class variable, which is set to zero when y t+1,t+30 is larger than the tenth percentile but smaller than the 90th percentile, and is set to one when y t+1,t+30 is beyond the tenth or 90th percentiles and hence represents large moves of either direction.
Compared to the VECM specification in (6), Eq. (11) introduces several variations. First, we introduce a conditioning class variable to test how the information flow varies with the market condition. Second, we increase the return horizon from one to 30 seconds for the dependent variable. Using 30-second returns instead of one-second returns increases the stability of the estimation, and reduces the bid-ask bounce effect observed in the previous section. Third, instead of including second-by-second lagged returns as explanatory variables, we aggregate them into 10-second intervals to reduce the number of coefficients and increase the stability of the estimation. We also limit the lags up to 30 seconds based on the estimation results in the previous section. Table 7 summarizes the estimates for the error correction coefficients on each stock under this conditional VECM. The last three rows report the average across the 18 NYSE stocks, the 22 NASDAQ stocks, and across all the 40 stocks. For all the 40 stocks, the error correction coefficient for the stock market, γ 1 , is much more negative for large price moves (M = 1) than for small price moves (M = 0). The difference in magnitude ranges from 1.6 times to more than 26 times. The t-values of the estimates are also larger under large price moves for all but one stock. We have also performed F-tests on the significance of the class variable M on the γ 1 coefficient. The p-values of the F-tests are all less than 0.00001, indicating strong significance for the class variable. The strong significance of the class variable and the observed difference in the conditional estimates of γ 1 indicate that the stock market quotes react much more strongly to its deviation from the option market quotes when the market experiences large moves (M = 1) than when the market experiences small moves (M = 0).
Compared to the conditional estimates on γ 1 , the estimates on γ 2 are larger on average, but its dependence on the large or small price moves is much smaller. For the majority of the stocks (37 out of 40), the γ 2 estimates are larger under large price moves than under small moves; but the difference between the t-values is more ambiguous and varies from stock to stock. Therefore, the option market's correction for its deviation from the equilibrium is much stronger, but less dependent on the market conditions. Nevertheless, when we perform F-tests on the significance of the class variable M on the coefficient γ 2 , the p-values are less than 0.0001 for all stocks, again indicating strong significance even for this weaker dependence on market conditions.
Putting the conditional estimates on the two error-correction coefficients together, we conclude that, under large price moves, the options market's adjustment to the stock market changes little but the stock market's adjustment to the options market Table 7 Error correction coefficients of the conditional VECM model
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Est. Entries report the conditional error correction coefficients estimates (Est.) γ = [γ 1 , γ 2 ] and the t-statistics of the estimates (t-value). M = 0 denotes normal price movements with the ten and ninety percentiles, while M = 1 denotes large price moves beyond the ten and ninety percentiles. The model is specified in Eq. (11). The last two columns report the common factor loading on the options market (w 2 ) for M = 1 and M = 0. The percentiles are computed based on the thirty-second log returns on the stock market quotes.
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increases dramatically, implying that the options market becomes significantly more informative under large price movements. The dependence of the information flow on the magnitude of the price movement is also shown in the conditional common factor loading estimates, reported in the last two columns of Table 7 . We compute the common factor loading directly from the error correction coefficients. The loading on the options market increases markedly from M = 0 to M = 1. The average loading under large price moves is 22.5 percentage points higher than the average loading under small price moves. The difference is 29.7 percentage points for NYSE stocks and 16.6 percentage points for NASDAQ stocks.
Under small market moves, price discovery on the directional movement of the stock price mainly occurs in the stock market, possibly due to the smaller transaction cost in that market. Nevertheless, when informed traders expect large price moves, the benefit of high leverage and the availability of multiple contracts attract them to the options market and significantly increase the price discovery in the options market.
Price discovery under changing market conditions
Three years have past since the original choice of our sample period. Over these years, the trading activities in the options market have increased dramatically. According to the Options Clearing Corporation, the daily trading volume on exchange-listed stock options averages around 3 million contracts during May to July of 2002. The average has more than doubled to become 6.5 million contracts by March 2006. To gauge the impact of the changing market conditions on the information flow between the stock and the options markets, we choose March of 2006 as a new sample period, which includes 23 business days. Based on data in this sample period, we repeat our analysis on the Nasdaq 100 index tracking stock, the ticker of which has changed from QQQ to QQQQ. As in three years ago, options on QQQQ is the most actively traded among all stock options.
When we estimate the same vector error correction model as in Eq. (6) using the new sample, the cointegration coefficients are estimated to be γ 1 = 0.00215 with a t-statistics of −8.77 and γ 2 = 0.0516 with a t-statistic of 117.58. Again, both the stock and the options markets are informative about future price movements. When we convert these estimates into the common factor loading, we obtain an estimate of w 2 = 4% for the options market. The information share estimates are between 0.5% and 9.59%. Therefore, although both markets contain information, the informativeness of the options quotes on the stock price movement has declined over the past three years. Also different from the findings reported in Fig. 1 , the coefficient estimates on the lagged returns are mostly zero, showing that the information dissemination speed is much higher now than before.
The declining information content in the options market is puzzling. If transaction cost is the main culprit for the low information content as we have conjectured in the previous section, we would expect the information content in the options market to increase over time as the options market becomes more efficient. Although the equity markets have also undergone a period of transformation, the growth in the options market is definitely more explosive during the past few years than that in the stock market. Therefore, transaction costs alone cannot be the full story.
One possible explanation for the declining information content in the options market is related to the recent microstructural transformations in options market making procedures. Despite the rapid and continuing growth in the options market, the options trading activities are much thinner than that in the underlying stock. Yet, whenever the stock price moves in the stock market, the options market makers are forced to update all the quotes on the hundreds of options on the stock, even if there are no options trading activity. This phenomenon leads to dramatically higher quote-totrade ratios in the options market than in the underlying stock market. For example, among the OPRA messages in March 2006, less than 6 million are trade messages, but over 19 billion are quote messages, leading to a quote-to-trade message ratio of well over 3000. To alleviate this extremely uneven quoting burden relative to the sparse trading activity, increasingly many options market making firms have developed automated quote updating algorithms that allow them to update the options quotes automatically whenever the stock price moves in the stock market. In the absence of options order flows, these automated updating algorithms imply that the information flow becomes almost purely one directional from the stock market to the options market. Only when there are significant options transactions do the options quotes adjust accordingly and spill the order flow information over to the stock market.
To test this conjecture, we estimate several conditional VECM models with the new data based on different conditioning class variables. As in Eq. (11), the conditional VECMs are specified as, 
where we consider four set of conditioning class variables, k = 1, 2, 3, 4, based on four different hypotheses. We discuss each hypothesis and the estimation results in the following subsections.
Large stock price movements
Repeating what we have done with the earlier sample on the transaction cost hypothesis, we define the first class variable based on the relative magnitude of price movements. We set M 1 to one when y t+1,t+30 is either larger than the 99th percentile or smaller than the 1st percentile of the 30-second return from the stock market, and is set to zero otherwise. Table 8 reports the parameter estimates under this hypothesis in panel (i). The estimates show that under both small and large movements, both markets react to lagged returns computed from the stock market more strongly than to lagged returns Entries report the coefficient estimates of the following conditional error correction models: (i) M 1 is set to one when y t+1,t+30 is either larger than the 99th percentile or smaller than the 1st percentile, and is set to zero otherwise. (ii) M 2 is set to one when the total number of trades on the underlying call and put options within the last 30 seconds is greater than the 99th percentile, and is set to zero otherwise. (iii) M 3 is set to one when the sell pressure from the underlying call and put options within the last 30 seconds is either larger than the 99th percentile or smaller than the 1st percentile, and is set to zero otherwise. The sell pressure is defined as sell pressure = number of sell trades on the call − number of buy trades on the call + number of buy trades on the put − number of sell trades on the put.
A trade is classified as a buy if it is higher than the mid-quote and a sell if it is lower than the mid-quote.
Trades that are at the mid are treated as neither buy nor sell. (iv) M 4 is set to one when the sell pressure from the underlying call and put options within the last 30 seconds is consistent with the deviation between s t−1 and o t−1 and is set to zero otherwise. The consistency condition is defined as either the sell pressure is greater than the 99th percentile and s t−1 − o t−1 is greater than its 75th percentile, or the sell pressure is lower than the 1st percentile and s t−1 − o t−1 is lower than its 25th percentile.
The estimation is based on QQQQ data during March of 2006.
computed from the options market, consistent with our general observation that the stock market is more informative about the stock price movement. We also observe that under both small and large moves, the coefficient estimates on the cointegration term are significantly negative for the stock market and significantly positive for the options market, indicating that both markets contain information about the future stock price movement.
Importantly, the coefficient estimates on the cointegration term are larger on both markets conditioning on large moves. When we convert the coefficient estimates into the Gonzalo and Granger (1995) common factor loading, as shown in the last row of the panel, the loading on the options market is merely 1.12% conditioning on small moves, but increases to 15.43% conditioning on large moves, reaffirming that the transaction cost hypothesis accounts for at least part of the low information content in the options market.
Large number of option trades
To test the hypothesis on the interactions between options trading activities and the information flow, we define a second conditioning class variable based on number of trades on the call and the put option pairs that define the option-implied stock price. At each point in time, we first aggregate the number of trades on the two option contracts during the last 30 seconds. Then, we set the conditioning class variable M 2 to one when the aggregate number of trades is greater than its 99th percentile, and set it to zero otherwise.
The estimation results are reported in panel (ii) of Table 8 . In the absence of a large number of options trades (M 2 = 0), the common factor loading for the option market is merely 1.82%. In contrast, when there is a large number of options trades during the last 30 seconds, the loading for the options market increases to 15.57%. The different loading estimates under the two conditions confirm our hypothesis that the options market is informative about the stock price movements only when there are significant options trading activities.
High sell or buy pressure from the options market
Although the class variable M 2 captures the relative intensity of the options trading, it does not tell us the direction of the order flow. Since the call and put options have opposite exposures on the stock price movement, the impact of a buy order on the call option and the impact of a buy order of similar size on the put option are likely to cancel out each other. To capture the effect of the net order flow, we define a third conditioning variable M 3 based on the net sell pressure from the options market. We define the net sell pressure as, sell pressure = number of sell trades on the call − number of buy trades on the call + number of buy trades on the put − number of sell trades on the put .
A negative estimate of the sell pressure indicates a buy pressure on the underlying stock. Based on the algorithm proposed by Lee and Ready (1991) , we classify a trade as a buy order if the transaction price is higher than the mid-quote and classify it as a sell order if the transaction price is lower than the mid-quote. Since we are interested in the net order flow, we discard transactions that occur at the mid. Based on this classification, at each point in time, we aggregate the number of buy and sell orders on the call and the put options according to Eq. (13) over the last 30 seconds. Then, we set the class variable M 3 to one if the sell pressure is either larger than its 99th percentile or smaller than its 1st percentile, in which case it is a high buy pressure. Table 8 reports the estimates in panel (iii). In the absence of high net order flow of either direction from the options market, the common factor loading for the options market is estimated to be 1.64%. On the other hand, when there is high sell or buy pressure from the options market, the loading estimate increases to 20.58%, showing that conditioning on the net order flow is more effective than conditioning on the total number of option trades. Therefore, both the direction and the quantity of the option trading activities are informative about the underlying information flow between the two markets.
3.4 High consistent sell or buy pressure from the options market Finally, we compare the net order flow with the price deviation between the two markets (s t−1 − o t−1 ) to determine whether the sell or buy pressure is consistent with the direction of the price deviation. When there is significant sell pressure from the options market, we expect the stock price inferred from the options market to be lower and hence the deviation (s t−1 − o t−1 ) to be positive. On the other hand, if there exists high buy pressure from the options market, we expect the deviation to be negative as the option-inferred stock price (o t−1 ) is pressured to be higher. When the direction of the deviation matches the direction of the net order flow, we call it consistent sell or buy pressure, in which case we expect the options market to be even more informative.
According to this hypothesis, we set the fourth class variable M 4 to one either when the sell pressure is greater than the 99th percentile and the deviation is greater than its 75th percentile, or when the sell pressure is lower than the 1st percentile and the deviation is lower than its 25th percentile. The class variable is set to zero otherwise.
Panel (iv) of Table 8 reports the estimates under the conditioning of consistent buy or sell pressures from the options market. Without consistent sell or buy pressure, the common loading from the options market remain low at 1.68%. With consistent buy or sell pressure, the options market becomes significantly more informative as the common factor loading reaches as high as 33.93%.
Overall, the estimates from the conditioning VECM specifications show that under the current market microstructure framework where options quoting is largely automated, options quotes contain little new information about the underlying stock price unless there are significant options trading activities. The information content in the options quotes increase further when the options trading activity generates net sell or buy pressure on the underlying stock price, even more so when the pressure is consistent with quote deviation from the two markets.
Conclusion
In this paper, we propose a portfolio approach to circumvent the long-standing difficulty in the price discovery study between a primary asset market and its options market. The portfolio combines a long position in a call option with a short position in a put option with the same strike price and maturity. The payoff to this portfolio synthesizes the payoff to a forward contract and is therefore linear in the underlying asset price, even though the payoff function of each individual option is nonlinear. As a result, although the value of an option depends both on the underlying asset price and on return volatilities and higher moments, the value change of this portfolio depends primarily on the change in the underlying asset price level, but not on volatility or other higher moments.
We apply this portfolio approach to the price discovery study between the stock market and the corresponding stock options market in the United States using two months worth of tick data in 2002 and one month of tick data in 2006. We find that despite the growing integration among the different options exchanges and the improvement in the options quoting quality, the price discovery on the directional movement of the stock price still occurs more in the stock market than in the options market, especially for NASDAQ stocks. We also find that the informativeness of the options market declines over time as options market makers adopt automated quoting algorithms that respond automatically to price movements in the stock market. The options quotes become informative only when there are significant options trading activities around the quoting period. In particular, the information content in the options market increases when the options trading activity generates net sell or buy pressure on the underlying stock price, even more so when the pressure is consistent with quote deviations between the stock and the options markets.
This article focuses on the information flow between the stock market and the options market in terms of the directional movement of the underlying stock price. An intriguing line for future research is to apply the portfolio approach to study the information flow and pricing of return variance between the two markets. In principle, we can use a portfolio of plain vanilla options to synthesize a variance swap contract (Carr and Madan, 1998; Carr and Wu, 2004) . Then, we can study the dynamic interactions between this synthetic variance swap and the realized variance of the asset returns computed from the stock market. The dynamic relation between the variance swap and the realized variance not only reflects the information flow on the variance of the asset return between the two markets, but also reveals insights on how the market prices the risk of the potentially stochastic return variance.
